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ABSTRACT 
Importance:  Stroke is leading cause of death in the United States, but quick access to 
treatment has been shown to result in better outcomes and improved mortality.  Among 
the many barriers to access, geographic proximity to hospitals certified in stroke care may 
also play a role. 
Objectives:  To calculate county-level measures of accessibility to certified stroke 
hospitals using GIS, and to examine its relationship with county stroke mortality while 
controlling for other county-level potential confounders.  
Methods:  Ecologic study using county mortality rates and census data to recreate stroke 
death counts for use in traditional, and a geographically weighted Poisson regression 
model for the eleven states of the Stroke Belt (N=1033). 
Results:  Counties farther than 60km from a stroke certified hospital displayed a 2.8% 
increase in stroke mortality rates while controlling for a county’s percentage of diagnosed 
diabetics, leisure-time physical inactivity, population aged 65 and over, black or African 
American population, Medicare Part D beneficiaries non-adherent to their blood pressure 
medication regiment, county smoking prevalence, annual PM2.5 concentrations, 
distressed community index score, and state’s decision to expand Medicaid.  Some 
covariates displayed relationships with mortality that were non-stationary and varied over 
the study area. 
Conclusions:  Thoughtful consideration should be made in studies of geographic access 
to the methods used for estimation, along with the possibility of a non-linear and non-
stationary relationship with study outcomes.  
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BACKGROUND 
Stroke mortality now accounts for one in every 20 deaths in the United States, and 
total about 140,000 each year, making it the country’s fifth leading cause of death (CDC1 
2017, Xu 2016).  For the more than 795,000 Americans who suffer a stroke every year, 
survival can often depend on timely access to treatment in addition to known individual 
risk factors like age, sex, and race, et al.  During an ischemic stroke, which account for 
nearly 87% of all strokes, an estimated 1.9 million neurons,  14 billion synapses, and 12 
kilometers of myelinated fibers are destroyed each minute (Saver 2006).  The quick 
administration of intravenous recombinant tissue plasminogen activator (rt-PA) can 
improve outcomes, but the greatest benefits are seen within 90 minutes of the onset of 
stroke (ATLANTIS 2004, Marler 2000, Moser 2006). For hemorrhagic strokes, time to 
treatment has been identified as the single most important determinant of anticoagulation 
reversal (Goldstein 2005).  While mobility will vary for individual members of a 
community, some aspects of emergency transportation may affect all community 
members similarly by virtue of their shared geographic location.  In this sense, a 
community’s geographic location can serve as an ecologic/environmental barrier to 
access, and an additional risk factor in stroke death.  This study is an attempt to produce a 
meaningful ecologic measure of access to acute stroke emergency care at the county level 
using geographic information system (GIS) software and data, and to examine its 
relationship to county-level stroke mortality. 
Several studies have examined the issues of critical care access using ecologic 
data.  The simplest of these studies involve using GIS to generate service area polygons 
around hospitals – at specific distances or drive-times – and report descriptive statistics of 
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the populations within and beyond the service area boundaries (Asimos 2010, Kazley 
2012, Khan 2011, Scott 1998, et al).   While informative, these studies do not address the 
relationship between the community’s spatial location and a health outcome.  Some 
research has been done using calculated estimates of county-level access to acute care 
facilities as a covariate in statistical regression with a health outcome as the dependent 
variable, with a summary of these studies provided in Table 6. A longitudinal study of 
veterans used logistic regression to conclude that travel times greater than 90 minutes 
increased the odds of in-hospital stroke mortality 47% (Ripley 2015).  Other studies have 
often used simple linear, or geographically-weighted regression (GWR), which 
traditionally assumes a Gaussian framework, without clearly defining the data as 
normally distributed (Nakaya 2005, Siegel 1998).    The adaptation of the GWR to 
accommodate Poisson (GWPR) distributions in 2005 provided a ‘non-parametric 
methodology for the investigation of geographical drifts of regression parameters” 
(Nakaya 2005).  Rather than defining a single global model, the GWPR allows for both 
global and local covariate consideration, resulting in output tables of model parameters 
which can then mapped as individual choropleth maps of the covariate estimates. 
Previous studies also vary in the methods used to calculate the county-level 
estimate of access – sometimes using networked road distances or travel times, while 
simpler studies use Euclidean (straight-line) distance.  Both methods have their merits.  
Measures of access that incorporate GIS road networks to estimate travel times and 
distance more accurately reflect the geophysical landscape of mountains and rivers, along 
with the built environment of roads, bridges, speed limits and even traffic patterns.  
Conversely, emergency transportation via air ambulance would be more accurately 
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represented via straight line distances, and traditional ambulances may disregard speed 
limits and bypass traffic.  Regardless of the method used, these measures should be 
highly correlated, and results from other studies support the use of simpler measures as a 
proxy for actual travel time (Phibbs 1995).  This study intends to examine both methods 
of measurement, and explore the effects of starting from different origins within the 
county.  In addition to geographic access, the Behavioral Health Model argues that other 
enabling resources like income and health insurance must be present in order for 
healthcare use to take place (Anderson 1995).  These and other socioeconomic and 
demographic factors were explored as potential county-level covariates. 
The “Stroke Belt” is a contiguous group of predominantly southern states 
identified by the National Heart, Lung, and Blood Institute (NHLBI) as exhibiting 
perennially high rates of stroke and stroke mortality compared to the national average 
(NHLBI 1996).  The reasons for this disparity are due to many causative and inter-related 
agents that vary in influence across the region (Albright 2017, Aparicio 2015, Mullen 
2013).   Because this study required large amounts of road network and census data, it 
was limited to the eleven Stroke Belt states, which contain 1,033 counties (N=1033).     
The consideration of geography/space in epidemiological research long predates 
the famous Broad Street pump map by John Snow in 1854, but has become even more 
prominent with the application of GIS (Musa 2013).   Additionally, the wealth of easily 
available ecologic data has provided an opportunity to investigate the small-scale 
geographic disparities in risk factors and outcomes across large areas. This study aims 
examine the relationship between county-level stroke deaths and the author’s calculated 
estimates of access using both a traditional Poisson and Geographically-Weighted 
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Poisson Regression (GWPR), while also including other county-level socio-economic 
indicators as potential covariates.  Careful consideration of the ecologic nature of the data 
will be made when interpreting results (Morgenstern 1995). 
METHODS 
Data Sources 
The Center for Disease Control and Prevention operates the Interactive Atlas of 
Heart Disease and Stroke (CDC2), the website that provided much of the study’s data. 
The primary data of interest were the county-level estimates for stroke death rates per 
100,000 (35+, all race, all gender, 2013-2015).  The original source of these data were 
deaths coded as I60-I69 (ICD-10) from the National Vital Statistics System.  These rates 
were directly age-adjusted using the standard 2000 US Standard Population, and spatially 
smoothed using a Local Empirical Bayes algorithm to stabilize the estimates for counties 
with smaller populations. Whenever possible, data sources used by this study attempted 
to adhere to the outcome date range of 2013-2015.  Other county-level datasets extracted 
from this website included diagnosed diabetes (age-adjusted percentage, 20+, 2014) and 
leisure-time physical inactivity (age-adjusted percentage, 20+, 2014) which were 
calculated by the Division of Diabetes Translation; percentage living in poverty (all ages, 
2015) and black or African American Population (percentage, all ages, 2011-2015) from 
the U.S. Census Bureau;  annual average ambient concentrations of particulate matter 
(PM2.5 2012) from the CDC Environmental Public Health Tracking Network;  and blood 
pressure medication non-adherence (percentage, Medicare Part D Beneficiaries Aged 
65+, 2014) from Medicare Part D Claims Data.  These additional data would serve as 
potential covariates in regression models as they have been identified in previous studies 
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as risk factors for both stroke incidence and mortality at the individual level (CDC1, 
Scheers 2015). 
Nationwide geospatial data layers for state, county, and census tract boundaries, 
as well as zip code centroids were downloaded from the U.S. Census Bureau’s TIGER 
(Topologically Integrated Geographic Encoding and Referencing) Products website (US 
Census1).  From the Census’s American Fact Finder website (US Census2), detailed 
demographic information for population ages were used to determine populations of 
persons aged 35+ at both the county and census tract level.  These population counts 
where then used to convert the stroke death rates provided by the CDC Atlas of Diabetes 
and Stroke into annual death counts by multiplying the rate by the sum of the 35+ 
populations from 2013, 2014, and 2015, and dividing by 100,000.  The detailed 
population breakdowns also served to created new variables that described each county’s 
percentage of 35+ population that was older than 45; 55; 65; and 75.  The census tract 
population counts were also used to weight some accessibility measurements into county 
aggregates. 
Studies have often used hospitals certified by the Joint Commission – an 
independent and not-for-profit organization – in examining access, as these hospitals 
have demonstrated both a higher quality of care, and percentage of patients receiving rt-
PA (Seabury 2017).  These hospitals are not uniformly distributed, thereby creating 
regional disparities in access (Mullen 2014).  The Joint Commission Quality Check 
website provides a downloadable spreadsheet of all hospitals that have received stroke 
certification, but does not include street addresses (The Joint Commission 2017).  
Therefore a preliminary hospitals layer was geocoded to the zip code centroids using 
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ESRI’s ArcMap 10.5 software.  Street addresses were obtained individually for the 
hospitals that were located within 100 miles of the eleven stroke belt states (n=412), 
which allowed the possibility of counties to utilize certified hospital locations in 
neighboring states. The locations for these hospitals were further refined using the street 
addresses to geocode the exact locations for the final hospital layer using street data from 
ESRI’s 2015 Business Analyst dataset (ESRI BA 2015).  This layer included all hospitals 
receiving certification as acute stroke ready hospitals (ASRH), advanced comprehensive 
stroke centers (CSC), and advanced primary stroke centers (PSC), but did not include 
hospitals that were exclusively for stroke rehabilitation.  This dataset served as the 
destinations for all calculated access measures.   
The Economic Innovation Group’s 2017 Distressed Communities Index (DCI) 
(EIG 2017) was also explored for possible inclusion in the model.  The index is 
composed of seven metrics, each intended to capture “a distinct aspect of well-being.” 
These seven economic and demographic components include the percentage of 
population without a high school diploma, the housing vacancy rate, the percentage of 
adults not working, the poverty rate, the county median income ratio (compared to state 
MHI), the change in employment, and change in business establishments.  Though the 
DCI data is dated 2017, it is constructed from U.S. Census Bureau’s American 
Community Survey 5-Year Estimates and Business Patterns data from 2011-2015. 
The Kaiser Family Foundation website provided information regarding states’ 
decisions to expand Medicaid after the passing of the Affordable Care Act (KFF 2017).  
If a state chose to expand Medicaid at any point during this study’s outcome of interest 
(2013-2015), all counties within the state were coded as ‘Yes’. The final external data 
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source was an estimate of cigarette smoking prevalence in 2012 from a study published in 
Population Health Metrics (Dwyer-Lindgren 2014). 
Access Measures 
In addition to the data obtained externally, this study produced several locally 
calculated measurements of accessibility.  While the stroke-certified hospitals layer 
serves as the destination in all calculations, it was less clear what should serve as the 
point of origin.  As this is an ecological study, with a county-level outcome, the goal was 
to produce a continuous county-level measurement of access.  Borrowing from other 
studies (Albright 2010, Pedigo 2010, et al), a total of six separate measurements were 
made.  These calculations differed in complexity, using different points of origin, and 
varying methods of measurement.  The accessibility measurement matrix in Figure 1 
details the combinations of origins and methods.  Origin-1 calculations are single 
measurements from the county geometric centroid.  Origin-2 calculations were made 
from census tract centroids, weighted for each census tract’s proportion of the county 
population aged 35+, then summed to form a single county-level aggregate.  
Measurement methods included a simple Euclidian distance (km), shortest travel time (by 
road, in minutes), and shortest travel distance (by road, in km).  The combinations of 
origins and methods are detailed in Figure 1.  The zonal statistics measure (Z-1) was 
employed in the Yamashita study and involves producing a raster grid of Euclidean 
measurements, and calculating the unweighted mean of all cell values within a county 
boundary, without consideration of where the population resides (Yamashita 2010).  The 
networked measurements were calculated by developing routes using the ESRI Network 
Analyst extension, and the ESRI Business Analyst road data converted into a network 
10 
 
dataset in ArcGIS 10.5 (ESRI, Redlands CA, USA).  Individual datasets were joined 
using FIPS codes, or a combined field of the county name and state.  After final 
assembly, the data were mapped (Figures 2-12) and the tabular data were exported to a 
csv file for statistical analysis. 
Analysis 
Univariate statistics, along with bivariate and multivariable Poisson analyses were 
performed using SAS, version 9.4 (SAS Institute; Cary, NC, USA) with the calculated 
stroke death counts serving as the primary outcome of interest.  Individual access 
measures were included with all other potential covariates using backward elimination to 
arrive at final multivariable model, which included a categorical A-2 access measure, the 
diagnosed diabetes percentage, leisure-time physical inactivity percentage, the percentage 
of the 35+ population also over age 65, the percentage of black or African-American 
population, percentage of Medicare Part D beneficiaries (Medicare PDB) that aren’t 
adherent to their blood pressure medication regiment, smoking prevalence, average PM2.5 
concentrations, the distressed community index score, and the state-level variable of 
expanded Medicaid.  All included covariates indicated significant positive associations 
with the outcome, stroke death count totals 2013-2015. 
GWR4.9 was used to create a geographically-weighted Poisson model to compare 
against the global multivariable model produced in SAS.  Because GWR4.9 is free and 
open source software that uses multiple iterations to produce the local parameter 
estimates, it was not powerful enough to process a multivariable model with as many 
covariates as included in the final SAS model.  To accommodate this, a model with fewer 
covariates was analyzed in both GWR4.9 and SAS.  The counties’ geometric centroid 
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was supplied to the software in a projected equidistant coordinate system using meters.  
The final list of covariates used in this stripped down version included the categorical A-
2 access measure, percentage of diagnosed diabetes, percent black or African American, 
smoking prevalence, average PM2.5 concentrations, and the Medicaid expansion 
variables.  GWR4.9 can also perform a geographical variability test, which suggests if 
locally-considered variables should instead be used as global covariates.   A value for 
“DIFF of Criterion” value greater than 2.0 indicated the variables for percentage of 
diagnosed diabetes, smoking prevalence, and Medicaid expansion would better fit the 
model as global covariates, while the others were allowed to vary geographically in 
parameter estimates.  Final choropleth maps of these local parameters were assembled 
and categorized by quartile in ESRI’s ArcMap software (ESRI, Redlands, CA, USA) 
(Figures 10-12). 
RESULTS 
 The calculated stroke death rate for the stroke belt counties was 84.3 per 100,000 
(35+, All Race, All Gender, 2013-2015), 18% higher than the national rate of 71.4.  
Figures 2 & 3 depict national county-level stroke mortality, and a hot spot analysis 
illustrating significant clusters of high rates among Stroke Belt states.  County univariate 
statistics are presented in Table 1 by state and depicted in maps via Figures 4-9.  Median 
county stroke mortality rates were highest in the southern states of Alabama, Mississippi, 
Louisiana and Arkansas, confirmed as Figure 4 depicts large swath of high rates across 
the region.  This spatial trend is noticeably comparable to Figure 5, which depicts the 
stroke-certified hospital locations and Euclidean distances calculated from the census 
tract aggregate measure A-2. The state with the fewest certified hospitals demonstrated 
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the poorest levels of access, with only 31% of the state population residing within 30 
minutes of a PSC, CSC, or  ASRH.  While not every potential covariate demonstrated 
obvious spatial patterns, the mapped data did illustrate several interesting trends.  The 
black or African American population map (Figure 6) highlights the large variance in this 
population’s distribution, with high concentrations along the Atlantic coastal plain that 
stretches across the southern states and up the Mississippi River – a pattern closely 
resembling the distressed community index score map (Figure 7).  The map of county 
uninsured percentages (Figure 8) presents stark difference at state boundaries, underlying 
the significance of states’ decisions regarding Medicaid expansion, with Kentucky, 
Indiana, and Arkansas (MedicaidEXP = ‘Yes’) exhibiting the lowest rates in the region.  
Smoking prevalence (Figure 9) also seemed to demonstrate marked differences along 
state lines, with Kentucky counties comprising a majority of the upper quartile, perhaps 
due to low state taxes failing to act as an effective deterrent.  
 Table 2 presents the potential covariates performance in a Poisson model as the 
sole independent variable, with county stroke deaths as the outcome and offset by the 35+ 
population 20123-2015.  As the variance of the response variable was much larger than 
its mean, overdispersion was a consideration, and the models were adjusted for a scale 
parameter.  Model performance was determined by examining the ratio of the deviance 
statistic to the degrees of freedom.  Values closer to 1.0 are indicative of a lack of 
overdispersion.  The best performing individual access measure was the Z-1 zonal 
statistics method (Yamashita 2010) and yielded a Deviance/DF of 2.19, followed closely 
by the  A-2 census tract aggregate Dev/DF of 2.20.  Both of these measures used an 
aggregate of Euclidean distances taken from multiple origins.  Though all access 
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measures were consistently significant in model versions as continuous variables, the 
coefficient estimates were small enough to warrant categorization.  Both the A-2 and Z-1 
variables were categorized as ‘Under 60km’ and ‘Over 60km’ and alternatingly supplied 
to multivariate models with other covariates.   
Among the sociodemographic and economic variables, the Distressed 
Communities Index score outperformed the poverty variable by resulting in a slightly 
lower model deviance / degrees of freedom (DF).  Diagnosed diabetes percentage 
appeared to have the strongest association with the outcome as it resulted in the lowest 
deviance/DF among all variables.  Nearly all the potential covariates were significantly 
associated with the outcome at a confidence level of .05, but as collinearity would be an 
issue for many of the variables when used together, some variables were left out of 
consideration for final model placement based on the results from Table 2. 
 Of the 1,033 total counties in the study area, 1,032 records were used in the final 
multivariate model due to a single missing value (due to Insufficient Data) for the Blood 
Pressure Medication Non-adherence for Manassas Park, VA, a small (pop. 15,915 in 
2016) independent city in the Washington, D.C. metropolitan area.  Despite 
outperforming the continuous variable A-2, the Z-1 access measure performed much 
poorer when categorized for the sake of parameter interpretation.  Because of this, the 
categorized A-2 access measure was supplied to the final multivariate model.  The final 
model was developed using backwards elimination starting with fifteen variables and 
ultimately incorporating ten. 
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DISCUSSION  
A quick interpretation of the categorized A-2 access measure from the final 
multivariate model in Table 3 would be: compared to counties that are within 60km of a 
certified stroke hospital, counties beyond 60km increase their stroke death rate by 2.8% 
while controlling for a county’s percentage of diagnosed diabetics, leisure-time physical 
inactivity, population aged 65 and over, black or African American population, Medicare 
Part D beneficiaries non-adherent to their blood pressure medication regiment, county 
smoking prevalence, annual PM2.5 concentrations, distressed community index score, and 
state’s decision to expand Medicaid.  The result of a nearly 3% increase in county stroke 
death rates seems rather attenuated compared to the findings of  Ripley’s longitudinal 
veterans study – a 47% increase of in-hospital death for patients travelling 90 minutes 
(Ripley 2015).  It is important to note though, that the other ecologic studies have failed 
to deliver significant findings from locally produced measures of geographic access after 
accounting for sociodemographic variables, or failed to employ appropriate regression 
methods altogether (Murata 2013, Yamashita 2010).  Interestingly, two truly ecologic 
variables – PM2.5 concentrations and the states’ Medicaid expansion decision – remained 
significantly associated with the counties stroke death totals in the final model, indicating 
the value of examining ecologic/environmental variables regardless of the study design. 
 It’s also interesting to note that the aggregate access measurements –taken from 
census tracts and weighted by the population to produce the final county value – 
outperformed the single county centroid measurements according to the model statistics 
of deviance/DF and AICC.  Because of this, the author would recommend future 
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researchers adopt techniques that consider population sources and utilize multiple 
measurements, rather than from a single county centroid. 
To complement the final model, which used a traditional Poisson regression, a 
stripped-down version of the model was supplied to the GWR4.9 software to analyze the 
geographic local variance in the covariates relationship with county stroke deaths.   A 
‘global’ version of this regression model was performed with the same limited number of 
covariates, and compared to the GWPR model with respect to the models’ AICc and 
Deviance/Degrees of Freedom.   Among both measures, the GWPR model performed 
better (lower).  These results suggest that the relationship between county stroke deaths 
and county’s diabetes and smoking prevalence, along with the state’s decision to expand 
Medicaid are ‘stationary over space’ but the relationships with access to stroke certified 
hospitals (as defined by less than 60km - Euclidean), and the county’s percentage of 
black population and annual PM2.5 concentrations are not stationary, but vary over 
space. 
 The first of these local covariates – the A-2 Access Measure categorized into 
greater than/less than 60km appears strongly associated with county stroke deaths in 
southern Louisiana, along the southeast Atlantic coast, and across a large swath of 
Indiana and Kentucky.  The regionally strong association in Kentucky is what initially 
interested the author (et al – see Acknowledgements) in this topic, but the relationship is 
much weaker (smaller local coefficient estimates) across the larger study area (Figure 
10).  Local parameter estimates for the percentage of black or African American 
populations (Figure 11) were high across much of the region’s urban areas.  
Unsurprisingly, Kentucky’s relatively small population of African Americans yielded low 
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and even negative local estimates.  Figure 12, the annual concentration of particulate 
matter displayed mixed results of high and low estimates across the urban/rural divide. 
While the results reflect the importance of considering ecologic variables – 
regardless of study type – the significant spatial variations indicate that the application of 
traditional global models may inadequately describe the levels of association and 
therefore produce misleading results (Nakaya 2005). 
The access measures, while nearly indistinguishable in univariate models, were no 
longer interchangeable in the final multivariate models, suggesting a limit to the 
correlation promoted by Phibbs (Phibbs 1995).  
As with any ecologic study there were a number of limitations that could 
potentially confound the results.  The calculated measures of access were merely 
estimates, with many complicated and potentially conflicting factors that ultimately 
determine an individual’s choice of when and where to seek care.  The closest hospital 
was the only consideration in the access measures so the study does not speak to the ratio 
of population to physicians or hospitals.  There was also the potential for 
misclassification of hospitals as ‘certified’ when the year of certification was not 
considered for inclusion.  However this limitation is not unique to ecologic studies, but is 
a limitation of nearly all studies of access; the only true measure would be a patient’s 
recorded route to an admitting hospital.  Due to the fact that some small rural counties 
(n=15) are comprised of a single census tract, the results between the county’s access 
measures via county centroid (Origin 1), and the county aggregate value of weighted 
census tract centroids (Origin 2) would be identical.  While not directly considered, the 
influence of air ambulance transport may have been reflected by the final model choice of 
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access measure that used Euclidean, rather than networked, distance to certified stroke 
hospitals.  It’s also possible that this measure was simply reflecting the metropolitan 
status of counties with certified hospitals, rather than any significant relationship with 
hospital distance.  Finally, as the GWR4.9 was not computationally powerful enough to 
incorporate all the variables considered by SAS, a detailed comparison of complete final 
models was not performed. 
More study is needed to examine the effects of both true ecologic and 
environmental variables, and also how those relationships between covariate and 
outcome change over space and time.  Additional study of the effect of larger, Western 
states would also need to be considered to better validate the importance of accessibility 
and spatial dependencies using ecologic data.  In this study, measurements were taken to 
the nearest stroke certified hospital, regardless of state residency.  If the measurements 
were restricted to in-state hospitals only, many border counties would have longer travel 
distances and times, and produce decidedly different results. 
While this study indicated a nearly 3% increase in stroke mortality for counties 
over 60km from a certified stroke hospital while controlling for aforementioned 
covariates, a recent study suggested that the benefits of presenting at certified hospital are 
offset when the patient travelled farther than 90 minutes (Bekelis 2016).  Additional non-
certified hospitals could be considered as destinations for future modeling.  In 
summation, it is evident that treatment at certified stroke hospitals results in more 
favorable outcomes, but access to these hospitals is disparate across the United States.  
Because of this, future hospital site selection should use maximal coverage models for 
achieving optimal access (Leira 2012, Mullen 2015), and rural hospitals should consider 
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certification to improve access.  Attaining stroke certification by the Joint Commission is 
an achievable goal when the hospital is committed to using best practices and improving 
time to treatment (Slivinski 2017).  
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Table 1 – Univariate statistics for counties in Stroke Belt States 
-Median- Mean (Std. 
Dev)* N=1033 total 
AL 
(n=67) 
AR 
(n=75) 
GA 
(n=159) 
IN 
(n=92) 
KY 
(n=120) 
LA 
(n=64) 
MS 
(n=82) 
NC 
(n=100) 
SC 
(n=46) 
TN 
(n=95) 
VA 
(n=133) 
Stroke Mortality 
#  In-state cert. hospitals 
(% of 35+ pop < 30 min.) 
35+ pop : hospital ratio (k) 
13 
(49.4) 
200 : 1 
5 
(31.7) 
314 :1 
39 
(71.5) 
130: 1 
26 
(67.7) 
133 : 1 
21 
(57.3) 
113 : 1 
19 
(59.0) 
124 : 1 
7 
(38.6) 
220 : 1 
43 
(73.0) 
122 : 1 
17 
(66.0) 
150: 1 
30 
(61.7) 
117 : 1 
31 
(71.4) 
141 : 1 
State Stroke Death Rate 
per 100k, 35+, All 
Race/Gender, 2013-15** 
96 89.9 83.6 78.5 80.4 87.7 95.9 84.1 89.3 87.9 73.5 
County-Level* Stroke 
Death Rate per 100k, 35+, 
All Race/Gender, 2013-15 
-96.9- 
97.7 
(10.5) 
-91.9- 
92.6 
(12.2) 
-88.4- 
88.9 
(14.3) 
-79.5- 
81.6 
(13.9) 
-85.1- 
88.0 
(16.4) 
-92.2- 
91.8 
(12.9) 
-95.2- 
98.4 
(14.4) 
-83.4- 
84.8 
(15.6) 
-92.6- 
94.9 
(17.0) 
-89.4- 
89.9 
(13.9) 
-75.2- 
77.8 
(14.3) 
County-Level Stroke Death 
Counts, 35+, All 
Race/Gender, 2013-15 
-60- 
111.6 
(166.1) 
-31- 
56.1 
(76.5) 
-36- 
79.6 
(153.1) 
-46.5- 
87.9 
(135.2) 
-27- 
47.7 
(81.6) 
-51.5- 
97.0 
(121.3) 
-35- 
53.9 
(56.6) 
-81.5- 
131.8 
(174.4) 
-87.5- 
148.6 
(146.9) 
-50- 
97.1 
(177.5) 
-32.0- 
70.9 
(114.0) 
Measures of Accessibility 
Access Measure A-1: 
Euclidian Distance (km) 
County centroid to hospital 
-55.6- 
59.6 
(35.1) 
-87.5- 
87.6 
(41.2) 
-45.5- 
48.2 
(27.6) 
-34.3- 
36.4 
(20.5) 
-41.2- 
44.8 
(21.5) 
-54.1- 
62.7 
(37.0) 
-72.3- 
74.4 
(36.6) 
-33.6- 
33.5 
(24.5) 
-41.1- 
41.0 
(23.0) 
-44.6- 
45.2 
(23.5) 
-29.4- 
29.5 
(18.4) 
Access Measure A-2: 
Euclidian Distance (km) 
Census Tract to hospital 
-54.0- 
57.2 
(34.8) 
-87.7- 
58.6 
(41.1) 
-45.4- 
47.5 
(27.4) 
-34.8- 
36.0 
(19.9) 
-41.9- 
44.0 
(21.4) 
-53.0- 
59.2 
(38.6) 
-72.4- 
43.7 
(36.6) 
-30.4- 
32.9 
(21.9) 
-38.0- 
39.0 
(22.5) 
-44.6- 
44.1 
(22.7) 
-27.5- 
27.8 
(17.4) 
Access Measure B-1: 
Travel Time (minutes) 
County centroid to hospital 
-53.5- 
55.2 
(26.9) 
-76.1- 
79.6 
(34.9) 
-43.6- 
45.4 
(22.9) 
-36.5- 
38.0 
(18.9) 
-43.5- 
46.4 
(21.6) 
-53.5- 
57.4 
(29.2) 
-62.9- 
63.6 
(27.4) 
-34.6- 
36.6 
(24.4) 
-39.6- 
40.8 
(18.5) 
-44.8-
46.7 
(21.5) 
-33.2- 
35.3 
(20.7) 
Access Measure B-2: 
Travel Time (minutes) 
Census Tract to hospital 
-51.0- 
53.5 
(27.0) 
-74.4- 
78.0 
(34.4) 
-44.7- 
45.9 
(22.2) 
-38.9- 
38.1 
(17.9) 
-43.6- 
46.7 
(21.4) 
-54.0- 
54.8 
(29.9) 
-62.8- 
63.7 
(27.2) 
-35.7- 
37.4 
(21.5) 
-39.4- 
39.6 
(18.7) 
-46.4- 
46.9 
(20.7) 
-31.1- 
33.5 
(19.3) 
Access Measure Z-1: 
Zonal Statistics - Euclidian 
Distance (km) to hospital 
-54.2- 
59.3 
(31.9) 
-88.3- 
87.9 
(38.5) 
-45.6- 
48.7 
(26.0) 
-34.8- 
37.2 
(17.8) 
-42.2- 
45.3 
(19.8) 
-56.0- 
64.1 
(34.2) 
-69.6- 
74.5 
(34.3) 
-31.7- 
34.4 
(20.7) 
-40.1- 
42.1 
(18.8) 
-45.9- 
45.4 
(20.9) 
-29.9- 
29.2 
(16.2) 
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-Median- Mean (Std. 
Dev)*N=1033 total 
AL 
(n=67) 
AR 
(n=75) 
GA 
(n=159) 
IN 
(n=92) 
KY 
(n=120) 
LA 
(n=64) 
MS 
(n=82) 
NC 
(n=100) 
SC 
(n=46) 
TN 
(n=95) 
VA 
(n=133) 
Social, Economic, and Demographic Characteristics 
Black or African American 
Population (%), All Ages, 
2011-2015 (5-year) 
-22.8- 
28.4 
(22.4) 
-7.8- 
16.0 
(17.8) 
-27.9- 
28.0 
(17.4) 
-0.9- 
2.5 
(4.4) 
-2.4- 
3.6 
(4.1) 
-30.6- 
31.7 
(14.5) 
-37.9- 
40.9 
(20.8) 
-17.4- 
20.2 
(16.2) 
-32.9- 
35.8 
(16.5) 
-3.1- 
7.2 
(10.5) 
-13.0- 
18.0 
(16.0) 
Percentage Living in 
Poverty All Ages, 
2015 
-21.0- 
22.1 
(6.5) 
-21.0- 
21.3 
(5.1) 
-23.0- 
22.7 
(7.1) 
-14.0- 
13.8 
(3.7) 
-20.0- 
21.9 
(7.6) 
-22.0- 
22.2 
(6.3) 
-24.0- 
25.4 
(7.3) 
-19.0- 
19.4 
(4.8) 
-21.0- 
21.8 
(5.7) 
-20.0- 
19.8 
(4.7) 
-14.0- 
14.9 
(6.2) 
Percentage without High 
School Diploma, Ages 
25+, 2011-2015 (5-year) 
-21.3- 
20.4 
(4.9) 
-18.0- 
18.5 
(4.4) 
-20.3- 
20.2 
(6.1) 
-13.0- 
13.3 
(4.1) 
-19.9- 
20.9 
(6.8) 
-20.6- 
20.5 
(5.1) 
-22.1- 
21.7 
(5.8) 
-17.8- 
17.5 
(4.9) 
-19.3- 
18.7 
(4.9) 
-19.5-
19.3 
(4.8) 
-16.3- 
16.3 
(6.2) 
County-Level Percentage 
without Health Insurance, 
Under Age 65, 2015 
-12.2- 
12.6 
(1.7) 
-11.0- 
11.5 
(2.3) 
-16.8- 
16.8 
(2.8) 
-11.0- 
11.2 
(2.3) 
-7.7- 
7.5 
(1.0) 
-14.4- 
14.3 
(1.8) 
-15.8- 
15.9 
(1.9) 
-13.7- 
14.1 
(2.2) 
-13.1- 
13.5 
(1.9) 
-12.4- 
12.4 
(1.7) 
-11.8- 
11.7 
(2.6) 
Expanded Medicaid, 2014 No Yes No Yes Yes No No No No No No 
County- Level Distressed 
Community Index Scores 
(DCI Score) 
-80.4- 
73.2 
(23.0) 
-79.7- 
73.5 
(21.6) 
-80.5-
69.5 
(27.8) 
-37.0- 
40.2 
(20.6) 
-73.4- 
66.4 
(26.3) 
-72.1- 
67.2 
(25.0) 
-85.8-
77.2 
(21.9) 
-70.1-
62.8 
(27.0) 
-71.3- 
66.3 
(28.1) 
-64.2- 
72.2 
(25.5) 
-57.8- 
53.2 
(32.3) 
Percentage of 35+ 
population over age 45, All 
Race, All Gender, 2014 
-78.2- 
77.7 
(2.4) 
-78.5-
78.7 
(3.4) 
-76.3- 
76.0 
(4.2) 
-77.9- 
77.6 
(2.1) 
-77.5- 
77.1 
(2.3) 
-76.9- 
76.7 
(2.6) 
-77.3- 
76.9 
(2.5) 
-78.0- 
77.9 
(3.9) 
-78.0- 
77.9 
(2.6) 
-77.9- 
77.7 
(2.7) 
-78.8- 
78.1 
(4.4) 
Percentage of 35+ 
population over age 55, All 
Race, All Gender, 2014 
-52.8-
52.4 
(3.3) 
-53.7- 
54.1 
(4.8) 
-50.3- 
50.0 
(6.0) 
-51.6- 
51.3 
(2.8) 
-51.3- 
51.1 
(3.5) 
-50.2- 
50.0 
(3.7) 
-51.7- 
51.4 
(3.1) 
-52.7- 
52.9 
(5.8) 
-52.5- 
52.7 
(4.2) 
-53.3- 
52.6 
(4.2) 
-53.1- 
52.4 
(6.7) 
Percentage of 35+ 
population over age 65, All 
Race, All Gender, 2014 
-28.8- 
28.5 
(2.7) 
-30.1- 
30.5 
(4.2) 
-26.6- 
26.6 
(4.8) 
-27.6- 
27.5 
(2.4) 
-27.3- 
27.2 
(3.1) 
-26.1- 
26.2 
(3.1) 
-27.6- 
27.5 
(2.7) 
-28.6- 
28.9 
(4.8) 
-27.5- 
28.2 
(3.7) 
-29.7- 
28.9 
(3.7) 
-29.2- 
28.6 
(5.8) 
Percentage of 35+ 
population over age 75, All 
Race, All Gender, 2014 
-12.1-
12.1 
(1.5) 
-13.0- 
13.2 
(2.1) 
10.7- 
10.6 
(2.5) 
-11.9- 
12.1 
(1.5) 
-11.3- 
11.2 
(1.8) 
-11.1- 
11.2 
(1.8) 
-11.9- 
11.8 
(1.4) 
-12.0- 
12.2 
(2.4) 
-11.3- 
11.2 
(1.5) 
-11.8- 
11.8 
(1.8) 
-12.2- 
12.2 
(3.2) 
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-Median- Mean (Std. 
Dev)*N=1033 total 
AL 
(n=67) 
AR 
(n=75) 
GA 
(n=159) 
IN 
(n=92) 
KY 
(n=120) 
LA 
(n=64) 
MS 
(n=82) 
NC 
(n=100) 
SC 
(n=46) 
TN 
(n=95) 
VA 
(n=133) 
Health and Behavioral Risk Factors 
County Smoking 
Prevalence, Age-Stdd, All 
Gender, 2012 
-26.1- 
25.7 
(2.4) 
-27.6- 
27.4 
(2.1) 
-25.1- 
24.6 
(3.0) 
-26.1- 
25.8 
(2.8) 
-29.7- 
29.4 
(2.9) 
-27.3-
27.0 
(2.5) 
-26.0- 
25.6 
(2.3) 
-24.8- 
24.2 
(2.8) 
-23.8- 
23.9 
(2.2) 
-27.5- 
27.1 
(2.7) 
-23.8- 
23.3 
(4.3) 
Diagnosed Diabetes, 
Age-Adjusted Percentage, 
20+, 2014 
-13.4- 
13.6 
(2.4) 
-11.5- 
11.4 
(1.3) 
-11.3- 
11.3 
(1.3) 
-10.6- 
10.5 
(1.2) 
-11.4- 
11.7 
(1.5) 
-11.7- 
11.8 
(1.4) 
-13.2- 
13.3 
(1.6) 
-10.5- 
10.6 
(1.6) 
-12.9- 
12.5 
(2.0) 
-11.9- 
11.9 
(1.1) 
-9.3- 
9.6 
(1.6) 
Leisure-Time Physical 
Inactivity, Age Adjusted 
Percentage, 20+, 2014 
-29.6- 
29.1 
(2.8) 
-32.2- 
32.1 
(3.0) 
-26.5-
26.1 
(3.0) 
-27.3- 
27.0 
(3.2) 
-29.2- 
29.2 
(3.8) 
-30.6- 
30.3 
(3.0) 
-32.9- 
32.6 
(2.7) 
-25.3- 
25.4 
(3.7) 
-27.2- 
26.7 
(4.1) 
-31.4- 
31.5 
(3.3) 
-22.9- 
23.2 
(3.5) 
Obesity,  
Age-Adjusted Percentage, 
20+. 2014 
-35.4-
36.2 
(4.3) 
-36.5- 
36.4 
(3.0) 
-31.3- 
31.1 
(2.9) 
-32.3- 
32.0 
(2.9) 
-33.8- 
34.1 
(3.2) 
-35.8- 
36.1 
(3.1) 
-37.3-
37.0 
(3.6) 
-31.1- 
31.5 
(4.1) 
-35.4-
35.3 
(5.0) 
-32.6- 
32.7 
(2.6) 
-29.0- 
29.1 
(3.7) 
Blood Pressure Medication 
Nonadherence %, 
Medicare PDB 65+, 2014 
-30.7- 
30.8 
(2.0) 
-31.5-
31.2 
(2.6) 
-32.2-
32.0 
(2.6) 
-23.5- 
23.6 
(1.7) 
-27.8-
28.3 
(2.3) 
-33.0- 
32.6 
(2.2) 
-33.4-
33.4 
(2.1) 
-28.2- 
28.5 
(2.5) 
-30.9- 
31.4 
(3.4) 
-27.5- 
27.9 
(2.0) 
-25.3- 
25.6 
(2.4) 
Physical / Environment Risk Factors 
County Annual Average 
Ambient Concentrations of 
PM2.5, 2012 
-10.1- 
10.3 
(0.8) 
-10.1- 
10.0 
(0.5) 
-10.1- 
9.9 
(0.7) 
-11.1- 
11.1 
(0.4) 
-10.0- 
10.0 
(0.5) 
-9.5- 
9.6 
(0.6) 
-9.5- 
9.5 
(0.4) 
-9.1- 
9.0 
(0.7) 
-9.7- 
9.7 
(0.5) 
-9.7- 
9.8 
(0.5) 
-8.7- 
8.8 
(0.5) 
Number of Pharmacies and 
Drug Stores per 100,000 
population, 2015 
-21.0- 
21.9 
(7.7) 
-19.6- 
21.5 
(10.8) 
-17.3- 
19.2 
(10.8) 
-11.9- 
12.1 
(4.5) 
-21.3- 
23.4 
(13.7) 
-18.9- 
19.8 
(9.8) 
-20.9- 
21.8 
(8.0) 
-15.5- 
16.3 
(5.9) 
-15.7- 
16.4 
(6.8) 
-18.5- 
20.1 
(8.0) 
-12.8- 
15.8 
(11.7) 
*Means and standard deviations are for county-level records, not state averages 
**State numbers reported directly from Atlas of Diabetes and Stroke 
“Hospital means any PSC, CSC, or Acute Stroke Ready Hospital
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Table 2 – Bivariate Poisson associations with county stroke death counts 
Covariates Rate Ratio 
Model 
Deviance / 
DF 
P-value 
Measures of Accessibility 
A-1: Euclidean distance (km): County centroid  1.0018 2.25 < .0001 
A-2: Euclidian Distance (km) Tract centroids 1.0020 2.20 < .0001 
A-2 Category (Over 60km) 1.1434 2.30 < .0001 
B-1: Travel Time (minutes) County Centroid 1.0019 2.29 < .0001 
B-2: Travel Time (minutes)  Tract centroids 1.0023 2.23 < .0001 
C-1: Travel distance (km) County Centroid 1.0014 2.26 < .0001 
Z-1: Zonal Statistics - Euclidean Distance (km) 1.0022 2.19 < .0001 
Social, Economic, and Demographic Characteristics 
Black or African American Population (%) 1.0033 2.21 < .0001 
Living in Poverty (%) 1.0153 1.76 < .0001 
No High School Diploma (%) 1.0008 1.93 < .0001 
No Health Insurance (%) 1.0017 2.31 < .0001 
Distressed Community Index Score 1.0032 1.73 < .0001 
Expanded Medicaid (No) 1.0473 2.44 0.0004 
35+ population also over 45 (%) 1.0128 2.29 < .0001 
35+ population also over 55 (%) 1.0092 2.27 < .0001 
35+ population also over 65 (%) 1.0103 2.30 < .0001 
35+ population also over 75 (%) 1.0214 2.28 < .0001 
Health and Behavioral Risk Factors 
Smoking Prevalence (%) 1.0184 1.97 < .0001 
Diagnosed Diabetes (%) 1.0023 1.65 < .0001 
Leisure-time Physical Inactivity (%) 1.0009 1.76 < .0001 
Obese Age-Adjusted (%) 1.0010 1.77 < .0001 
Medicare PDB Non-Adherent to BP Med. (%) 1.0014 1.83 < .0001 
Physical / Environment Risk Factors 
Annual Average Concentrations of PM2.5 1.0098 2.47 0.067 
Number of Pharmacies & Drug Stores per 100k  1.0089 2.15 < .0001 
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Table 3 – Multivariable Poisson Model of County Stroke Deaths 
Covariate 
Rate 
Ratio 
95% CI 
p-
value 
A-2 Category (Over 60km) 1.0286 1.0021, 1.0558 0.0345 
Black or African American Population (%) 1.0014 1.0007, 1.0021 <.0001 
Distressed Community Index Score 1.0006 1.0001, 1.0011 0.0228 
Expanded Medicaid (No) 1.0830 1.0553, 1.111 <.0001 
Percentage of 35+ population also over 65 1.0350 1.0009, 1.0059 0.0081 
Smoking Prevalence 1.0072 1.0030, 1.0115 0.0008 
Diagnosed Diabetes Percentage 1.0112 1.0038, 1.0186 0.0029 
Leisure-time Physical Inactivity Percentage 1.0050 1.0018, 1.0083 0.0023 
Medicare PDB Non-Adherent to BP Med. 1.0064 1.0024, 1.0104 0.0015 
Annual Average Concentrations of PM2.5 1.0297 1.020, 1.040 <.0001 
Model Deviance / DF: 1.3567 
 
Table 4 – Global (Stripped-Down) Poisson Model of County Stroke Deaths (for 
GWPR comparison) 
Covariate 
Rate 
Ratio 
95% CI 
p-
value 
A-2 Category (Over 60km) 1.0584 1.0322, 1.0852 <.0001 
Black or African American Population (%) 1.0021 1.0015, 1.0027 <.0001 
Expanded Medicaid (No) 1.1059 1.0781, 1.1345 <.0001 
Smoking Prevalence 1.0164 1.0135, 1.0195 <.0001 
Diagnosed Diabetes Percentage 1.0195 1.0127, 1.0264 <.0001 
Annual Average Concentrations of PM2.5 1.0265 1.0167, 1.0363 <.0001 
Model AICc: 1459.54 Model Deviance / DF: 1.4088 
 
Table 5 – Geographically-Weighted Poisson Model (GWPR) of County Stroke 
Deaths 
Global (static) covariates 
Rate 
Ratio 
Std Error z-score 
Expanded Medicaid (No) 1.0557 0.0375 1.45 
Smoking Prevalence 1.0167 0.0018 9.37 
Diagnosed Diabetes Percentage 1.0086 0.0043 2.02 
Local (Geographically-varying) covariates 
Rate 
Ratio 
Mean 
Rate Ratio 
Min, Max 
Robust 
STD 
A-2 Category Access Measure (Over 60km) 1.0255 0.78, 1.42 0.089 
Black or African American Population (%) 1.0023 0.99. 1.03 0.002 
Annual Average Concentrations of PM2.5 1.0003 0.80, 1.18 0.072 
Model AICc: 1070.34 Model Deviance / DF: 0.937 
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Table 6: Relevant epidemiologic studies involving issues of access/geolocation and regression-linked outcomes 
STUDY COUNTRY 
STUDY 
DESIGN 
N EXPOSURE REGRESSION RESULT SUMMARY 
Albright 
(2017) 
USA 
Retrospective 
Cohort 
323 
Stroke Belt state vs  
non-Stoke Belt State 
Poisson 
Statin discharge prescribing may differ 
b/t stroke belt & non - esp. older, males 
Bekelis 
(2016) 
USA 
Retrospective 
Cohort 
476,821 
Admission to PSC vs 
non-PSC 
Probit/Poisson 
Hospitalization in PSC was associated 
with decreased fatality, but travel 90+ 
minutes offset any survival benefit 
Murata 
(2013) 
Japan Ecologic 108,314 
Transport distance to 
hospital 
Linear 
Significant positive correlations for 
transport distance & mortality for brain 
infarctions 
Nakaya 
(2005) 
Japan Ecologic 
262  
zones 
4 socio-demographic 
covariates & geography 
GWPR 
Improved AIC scores from GWPR over 
global Poisson indicate better model fit 
Ripley 
(2015) 
USA 
Longitudinal 
observational 
pop-based 
study 
10,430 
veterans 
Travel time to admitting 
VAMC 
Logistic 
Travel time > 90 min had OR 1.476 of 
in hospital mort comp. to <30 
Siegel 
(1993) 
USA (FL) Ecologic 
17 
regions 
Socioeconomic, racial, 
and behavioral 
covariates 
Linear 
MLR indicates significant association 
with poverty, obesity. 
Yamashita 
(2010) 
USA (OH) Ecologic 
88 
counties 
Zonal statistics for 
Euclidean distance to 
hospital 
Linear (OLS) 
Distance not significant after 
accounting for sociodemographic and 
economic factors 
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Figure 1 – Accessibility Measurements Matrix 
Access Measure 
Matrix 
Method A:  
Euclidian 
Distance 
(km) 
Method B: 
Shortest 
networked travel 
time (minutes) 
Method C: 
Shortest 
networked travel 
distance (km) 
Origin 1: County 
Centroid 
A-1 B-1 C-1 
Origin 2: Weighted 
Census Tract Centroids 
Aggregate 
A-2 B-2  
Zonal Statistics Z-1   
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Figure 2: U.S. Map of County-Level Stroke Mortality
Stroke Death Rate per 100,000
35+, All Race, All Gender, 2013-2015
17.5 - 66.8 66.9 - 76.5 76.6 - 87.4 87.5 - 207.0
Insufficient Data
Data classified by quartile.
National rate (All Race) is 71.4 per 100,000
Data sources: CDC's
Interactive Atlas of Heart
Disease and Stroke, US
Census, Natural Earth
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Figure 3: U.S. Map of Stroke Mortality Hot Spot Analysis
Stroke Death Rate Hot Spot Analysis
Getis-Ord Gi*
99% 90% Not
Significant
Contiguity-Edges-Corners chosen as spatial relationship parameter.
Data sources: CDC's
Interactive Atlas of Heart
Disease and Stroke, US
Census, Natural Earth
95% 99%90% 95%
Cold Spot
Confidence
Hot Spot
Confidence
Insufficient Data
34
!
!
!
!
!
!
!
!
!
!
!
!
!
!
!
!
Norfolk
Memphis
Raleigh
Jackson
Atlanta
Richmond
Columbia
Savannah
Nashville Knoxville
Wilmington
Montgomery
Shreveport
New Orleans
Baton Rouge
Indianapolis
Data sources: CDC's
Interactive Atlas of Heart
Disease and Stroke, US
Census, Natural Earth
Figure 4: Stroke Belt
Map of County-Level
Stroke Mortality
Stroke Death Rate per 100,000
35+, All Race, All Gender, 2013-2015
41.2 - 77.3 77.4 - 87.8 87.9 - 97.4 97.5 - 188.0
Data classified by quartile.
National rate (All Race) is 71.4 per 100,000
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Data sources: CDC's
Interactive Atlas of Heart
Disease and Stroke, US
Census, Natural Earth
Figure 5: Stroke Belt
Map of County-Level
Distances (km) to Stroke 
Certified Hospitals (A-2)
Euclidean Distance to Stroke Certified
Hospital (km) as measured from County
Census Tract aggregate (A-2)
1.7 - 23.6 23.7 - 42.9 43.0 - 64.4 64.5 - 175.9
Data classified by quartile.
Stoke Certified Hospital®v
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Interactive Atlas of Heart
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Figure 6: Stroke Belt
Map of County-Level
Black or African American
Population (%)
Black or African American Population (%)
All Ages, 2011-2015 (5-year)
0.0 - 2.8 2.9 - 13.5 13.6 - 32.3 32.4 - 85.9
Data classified by quartile.
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Innovation Group, US
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Figure 7: Stroke Belt
Map of County-Level
Distressed Communities
Index Score
Distressed Community
Index Score (2017)
0.1 - 44.4 44.5 - 71.7 71.8 - 88.3 88.4 - 100.0
Data classified by quartile.
38
!
!
!
!
!
!
!
!
!
!
!
!
!
!
!
!
Norfolk
Memphis
Raleigh
Jackson
Atlanta
Richmond
Columbia
Savannah
Nashville Knoxville
Wilmington
Montgomery
Shreveport
New Orleans
Baton Rouge
Indianapolis
Data sources: CDC's
Interactive Atlas of Heart
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Census, Natural Earth
Figure 8: Stroke Belt
Map of County-Level
Percentage without
Health Insurance
Percentage without Health Insurance
Under Age 65, 2015
4.2 - 10.7 10.8 - 12.8 12.9 - 15.2 15.3 - 27.6
Data classified by quartile.
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Figure 9: Stroke Belt
Map of County-Level
Smoking Prevalence
County Smoking Prevalence
Age-Standardized, All Gender, 2012
10.0 - 23.9 24.0 - 26.1 26.2 - 27.8 27.9 - 36.7
Data classified by quartile.
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Figure 10: Stroke Belt
Map of County-Level
GWPR Local Rate Ratio
Estimates - A2 Access
Local Rate Ratio Estimates for
A-2 Categorical Variable (over 60km)
0.78 - 0.96 0.97 - 1.01 1.02 - 1.07 1.08 - 1.42
Data classified by quartile.
Model also controlling for diagnosed diabetes,
Medicaid expansion, and smoking prevalence
as global covariates, and annual PM2.5 and
% of black population as local covariates.
Global Rate Ratio Estimate: 1.058
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Figure 11: Stroke Belt
Map of County-Level
GWPR Local Rate Ratio
Estimates - % Black
Local Rate Ratio Estimates for
Black or African American Population (%)
Data classified by quartile.
Model also controlling for diagnosed diabetes,
Medicaid expansion, and smoking prevalence
as global covariates, and annual PM2.5 and
the A-2 categorical measure as local covariates.
Global Rate Ratio Estimate: 1.002
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Interactive Atlas of Heart
Disease and Stroke, US
Census, Natural Earth
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Figure 12: Stroke Belt
Map of County-Level
GWPR Local Rate Ratio
Estimates - PM2.5
Local Rate Ratio Estimates for
A-2 Categorical Variable (over 60km)
Data classified by quartile.
Model also controlling for diagnosed diabetes,
Medicaid expansion, and smoking prevalence
as global covariates, and A-2 categorical and
% of black population as local covariates.
Global Rate Ratio Estimate: 1.026
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ASRH – Acute Stoke Ready Hospital (a Joint Commission certification) 
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GIS – Geographic Information Systems 
GWRP – Geographically Weighted Poisson Regression 
NHLBI - National Heart, Lung, and Blood Institute 
PSC – Primary Stroke Center (a Joint Commission certification) 
rt-PA - Recombinant Tissue Plasminogen Activator 
SAS – Statistical Analysis System 
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